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a b s t r a c t
Phase-locking value (PLV) is a well-known feature in sensorimotor rhythm (SMR) based BCI. Zero-phase
PLV has not been explored because it is generally regarded as the result of volume conduction. Because
spatial ﬁlters are often used to enhance the amplitude (square root of band power (BP)) feature and
attenuate volume conduction, they are frequently applied as pre-processing methods when computing
PLV. However, the effects of spatial ﬁltering on PLV are ambiguous. Therefore, this article aims to explore
whether zero-phase PLV is meaningful and how this is inﬂuenced by spatial ﬁltering. Based on archival
EEG data of left and right hand movement tasks for 32 subjects, we compared BP and PLV feature using
data with and without pre-processing by a large Laplacian. Results showed that using ear-referenced
data, zero-phase PLV provided unique information independent of BP for task prediction which was not
explained by volume conduction and was signiﬁcantly decreased when a large Laplacian was applied.
In other words, the large Laplacian eliminated the useful information in zero-phase PLV for task prediction suggesting that it contains effects of both amplitude and phase. Therefore, zero-phase PLV may
have functional signiﬁcance beyond volume conduction. The interpretation of spatial ﬁltering may be
complicated by effects of phase.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
Network models (Bullmore and Sporns, 2009; Stam and van
Straaten, 2012) have gained popularity within neuroscience in
recent years. This has led to interest in measures such as coherence (Carter et al., 1973) and phase-locking value (PLV) (Lachaux
et al., 1999) as measures of EEG connectivity. However, there is
concern about the possible role of volume conduction in EEG studies of functional connectivity. Volume conduction refers to the fact
that the conductive properties of the brain, skull, and the soft tissue result in the spatial smearing of EEG signals. As a result, volume
conduction can produce high values of coherence and PLV at zerophase difference between spatially close electrode pairs. Therefore,
investigators have proposed coupling measures such as the imaginary part of coherence (Nolte et al., 2004) and phase lag index (Stam
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et al., 2007), both of which eliminate information near zero phase
differences so as to negate the effects of volume conduction. An
alternative strategy to deal with volume conduction effects makes
use of spatial ﬁltering (e.g., (Nunez et al., 2015; Tenke and Kayser,
2015).
Movement or imagery of movement results in a change in the
ongoing EEG activity over central scalp locations that is not phaselocked to these events (Pfurtscheller and Lopes da Silva, 1999).
These effects are frequency-band speciﬁc, occurring in the 9–13 Hz
(mu) and 18–25 Hz (beta) range. Collectively they are called sensorimotor rhythms (SMRs) due to their reactivity to movement
and movement-related phenomena. Typically, there is a suppression of oscillatory activity in areas overlying sensorimotor cortex
associated with the active body part (desynchronization, or ERD)
and occasionally an increase in surrounding areas or as a rebound
phenomenon after movement (synchronization, or ERS). People
can learn to control the sensorimotor rhythm ERD/ERS in these
areas in order to control a cursor on a video screen or a virtual
space (McFarland et al., 2010; Wolpaw et al., 1991; Wolpaw and
McFarland, 2004).
Andrew and Pfurtscheller (1996) observed an increase in mu
rhythm coherence between the hemispheres with movement,
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which they suggested was due to volume conduction as it was
largely eliminated by spatial ﬁltering with a Laplacian derivation.
Nunez et al. (2015, 2001, 1999, 1997) support the application of
surface Laplacian for eliminating volume conduction in EEG connectivity analysis. Tenky and Kayser (2015) also recommend use
of a surface Laplacian in the study of coherence. For error-related
functional connectivity study, Cohen (2015a) demonstrated that
the surface Laplacian is likely to be the best spatial transformation
in reducing volume conduction. Wei et al. (2007) and Zhang et al.
(2014) applied common average reference (CAR) before computing
PLV. A discrete Laplacian spatial ﬁlter was applied by Hamner et al.
(2011) to measure PLV and phase difference as control signals.
These methods of eliminating volume conduction are not
perfect solutions. By eliminating zero-phase information, the imaginary part of coherence and phase-lag index are insensitive to true
synchronization near zero phase. Even though volume conduction
will produce zero-phase difference, not all zero-phase coupling is
due to volume conduction (Gollo et al., 2014; Rajagovindan and
Ding, 2008). Likewise, Thatcher (2012) and Nunez et al. (1997) suggest that spatial ﬁltering may distort EEG signals by mixing phase
differences between electrodes. It seems that spatial ﬁltering with
the Laplacian may underestimate coherence (Nunez et al., 1999).
Brunner et al. (2006) also suggested to use ear-referenced EEG data
when applying PLV as control feature after comparing with the
result of applying spatial ﬁlters.
The goal of this study was twofold. One was to ﬁnd the best PLV
feature in SMR task based on EEG data for the application of real
time BCI especially for a binary BCI task. Since the results show that
the best PLV feature is coupling predominantly at zero-phase difference, we further explored whether this zero-phase PLV is due
to volume conduction. The other goal of the present study was to
investigate the effects of spatial ﬁltering on PLV feature because it
is widely applied as control feature in BCI studies. There are different opinions about whether spatial ﬁltering should be applied as
pre-processing method in computing PLV (Wei et al., 2007; Zhang
et al., 2014; Hamner et al., 2011; Brunner et al., 2006). According to
the results shown in this paper, there is signiﬁcant zero-phase PLV
feature based on ear-referenced data for task prediction involves
the electrodes in the supplementary area and those in the primary
motor area (M1). However, the large Laplacian largely eliminated
this PLV feature by adding that information into amplitude feature.
These results provide insights for BCI study.
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Table 1
Locations and largest r values (rBP , rPLV ) in beta rhythm band for movement versus
rest.
Location (BP)

rBP

Location 1 (PLV)

Location 2 (PLV)

rPLV

FCz

0.15

CP3

C4

−0.30

right hand movement and around 40 trials for resting states (the
interval between left and right hand movement tasks). The duration of each trial (left hand movement, right hand movement, and
rest) was around 4 s.
2.2. Feature extraction
In order to measure the degree of synchronization in EEG signals
using PLV, a ﬁnite impulse response (FIR) ﬁlter (type I) and Hilbert
transformation were applied. For example, for beta rhythm band
PLV extraction, the EEG signals were ﬁrst band-pass ﬁltered by FIR
beta rhythm bands ([18,25] Hz, FIR order = 24). Then, PLV was computed by choosing each of the 64 channels as the “seed channel” to
which the other 63 channels were coupled with. PLV was computed
according to
PLV = ej(ϕi −ϕj ) ,

(1)

where   stands for measuring the mean value of the computed window. ϕi , ϕj are the phase of EEG signals of channel i and j, computed
by the Hilbert transformation.
We also measured the amplitude feature (square root of band
power, BP) using the bandpower function in MatlabR2013 (MathWorks, Natick, MA, USA) based on the power spectral density
estimation (PSD) of an autoregressive method (AR) (Marple, 1987)
(AR order = 16, McFarland and Wolpaw, 2008).
Both BP and PLV features were extracted every 50 ms from the
past 400 ms. Both features were the average of all the values of each
400 ms window for one trial. When studying the effects of spatial
ﬁltering on PLV, we computed BP and PLV feature using both ear
referenced data (ear-referenced condition) and data pre-processed
by a large Laplacian (large Laplacian condition).
2.3. Regression analysis

2. Material and methods

We measured the Pearson’s correlation (Draper and Smith,
2014) between EEG features (BP, PLV or their combination) series
X = (xi , 1 ≤ i ≤ N) and task indices (-1 for movement task, +1 for
resting state) series Y = (yi , 1 ≤ i ≤ N) by:

2.1. Data recording

· Li ) /
r = N
i=1 (Si

This study was based on a part of archival EEG data, the results
of which have been previously reported (McFarland et al., 2000).
Thirty-two of the original thirty-three subjects were involved in
the present study using data from left hand and right hand movement tasks together with resting states. The data of the thirty-third
subject was eliminated due to an insufﬁcient number of trials. EEG
data of 64 channels were sampled at 128 Hz referenced to the right
ear and stored for ofﬂine analysis. Subjects were asked to try to
avoid blinking and to actually move their left or right hand according to the location of a bar on the video screen. For example, when
the bar appeared at the left edge of the screen, they repeatedly
opened and closed their left hand. During the inter-trial interval
when the screen was blank, subjects were simply relaxed (resting state). The experimental paradigm was detailed in (McFarland
et al., 2000). There are three actual movement runs for each subject. Each run lasted approximately 2 min and contained left hand
movement, right hand movement and rest tasks. For each subject,
there were around 20 trials for left hand movement, 20 trials for

where Si = xi −



N
S2 ·
i=1 i

 N 

xi

1





N
L2
i=1 i

/N, Li = yi −

(2)

 N 

yi

/N.

1

We ﬁrst calculated r values for movement task (combining both
left and right hand movement) versus rest for all 64 channels in
beta rhythm bands, the goal of which was to ﬁnd channels of interest in the study of BP and PLV (Table 1). There are 1239 trials for
movement task, and 1236 trials for rest when combing data for all
32 subjects. The rBP is the correlation between BP of each channel
and SMR (beta rhythm) task indices (e.g. −1 for movement task,
and +1 for resting state). The rPLV is the correlation between PLV of
each channel coupled and SMR task (-1 for movement, and +1 for
resting state).
CP3, C4 and FCz channels were chosen as the channels of interest in this study according to Table 1 and the results as previously
described (Chung et al., 2012; Wang et al., 2006; Yi et al., 2016).
Therefore, BP feature of CP3, C4 and FCz and PLV feature of FCz
coupling with CP3, FCz coupling with C4, and CP3 coupling with C4
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Fig. 1. Topographies of rBP , where BP features of all channels were calculated with ear-referenced data and topographies of rPLV , where PLV features were measured with
ear-referenced data using either FCz, CP3, or C4 as the seed channels respectively for beta bands (18–25 Hz) comparing movement tasks with rest. Larger rBP (red) corresponds
to smaller BP (event-related desynchronization, ERD) during movement task comparing with that in resting state. Smaller rPLV (blue) means PLV increasing during movement
comparing with that in the resting states. FCz, CP3 and C4 are black dot-marked or star-marked if they are selected as the seed channel for computing PLV. (For interpretation
of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

PLV (XPLV = (x4 , x5 , x6 )), and both BP and PLV combined features
(XCF = (x1 , x2 , x3 , x4 , x5 , x6 )), respectively:
Y = b1 ∗ x1 + b2 ∗ x2 + b3 ∗ x3 + a1 ,

(3)

Y = b4 ∗ x4 + b5 ∗ x5 + b6 ∗ x6 + a2 ,

(4)

Y = b7 ∗ x1 + b8 ∗ x2 + b9 ∗ x3 + b10 ∗ x4 + b11 ∗ x5 + b12 ∗ x6 + a3 ,(5)
2
) is given by Eq. (5).
The total variance accounted for XCF (rY,X
CF

2
2
And the variance accounted for XBP (rY,X
) and XPLV (rY,X
) is given
BP
PLV
by Eqs. (3) and (4), respectively.
The variance unique to BP features (UXBP ) is given by (5)-(4):
2
2
UXBP = rY,X
-rY,X

PLV

CF

,

(6)

The variance unique to PLV features (UXPLV ) is given by (5)-(3):
2
UXPLV = rY,X

CF

2
-rY,X
,
BP

(7)

The shared variance (CXBP ,XPLV ) between XBP and XPLV is given by
2
CXBP ,XPLV = rY,X

CF

− UXBP − UXPLV ,

(8)

All the statistical tests based on the dependent variables (PLV
or r2 ) were done in SAS with repeated ANOVAs and Tukey’s post
hoc tests. The ofﬂine analysis of the EEG data was realized in Matlab2013.
Fig. 2. Probability distributions of phase difference between FCz and CP3 (a), FCz
and C4 (b), CP3 and C4 (c) for movement task and rest in beta rhythm band for all
32 subjects. There are 90 bins and the size of each equals 0.0698 rad. The maximum
probability of (a)(b)(c) correspond to the phase difference at −0.0353, −0.0353, and
0.0353, respectively for both movement and rest.

were chosen to study the effects of large Laplacian. The r2 values
obtained from multiple regression with BP, PLV feature, and the
combined feature of BP and PLV in large Laplacian condition were
compared with that in ear-referenced condition. Furthermore, we
computed unique and common covariance as described by Nimon
et al. (2008) to determine the variance uniquely accounted for by
BP and PLV.
We used multiple regression since it allows us to partition the
variance between common and unique effects. The following is a
brief introduction to the method for partitioning variance in multiple regression into common and unique components. If we regard
the BP feature of FCz, CP3 and C4 channels as a single independent variables x1 , x2 , x3 , and PLV feature of FCz coupling with
CP3, FCz coupling with C4, and CP3 coupling with C4 as the other
independent variables x4 , x5 , x6 , then we have three multivariate models (multiple regression) based on BP (XBP = (x1 , x2 , x3 )),

3. Results
3.1. BP and PLV feature in beta rhythm band
We computed the rBP (vector of 1*64) of all channels and rPLV
(a matrix of 64*64, by treating all 64 channels as seed channel,
respectively) of all PLV couplings and chose the best channels corresponding to the largest absolute rBP and rPLV values. Table 1 gives
the locations and the values of maximum rBP and minimum rPLV
at the center of beta foci for movement versus rest. For movement
task, beta desynchronization is maximum at FCz. The PLV coupling
between CP3 and C4 shows the largest increasing among all PLV
pairs. Fig. 1 shows average rBP and rPLV (PLV computed by regarding channel FCz, CP3 and C4 as the seed channel, respectively) for
all subjects for movement versus rest. BP decreased over central
sites with movement tasks in beta rhythm band. In contrast, PLV
between FCz, CP3 and C4 increased with movement tasks compared
with resting state. Thus, BP and PLV changed in opposite directions
with movement tasks.
In summary, Fig. 1 shows that the effects of movement tasks for
both BP and PLV mainly involve channels in anterior and M1 sites.
However, these effects were in opposite directions for BP and PLV,
consistent with the opposite sign of the rBP , rPLV shown in Table 1.
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Fig. 3. (a) PLV of seed channel C4 coupling with anterior/posterior electrodes for ﬁve different distances (d1: C4-FC4/CP4; d2: C4-FC2/CP2; d3: C4-FCz/CPz; d4: C4-FC1/CP1;
d5: C4-FC3/CP3); (b) PLV of seed channel CP3 coupling with anterior/posterior electrodes for two different distances (d1: CP3-C1/P1; d2: CP3-FCz/POz); (c) PLV of seed
channel FCz coupling with anterior/posterior electrodes for three different distances (d1: FCz-F4/C4; d2: FCz-F2/C2; d3: FCz-Fz/Cz). Three-way repeated ANOVA resulted in
a signiﬁcant interaction between “task”, “coupling area” and “distance” for (a)-(c). Tukey’s post hoc test results show signiﬁcant task-related effect, the signiﬁcance level of
which were shown by stars. * indicates p < 0.05, ** indicates p < 0.001 and *** indicates p < 0.0001. Bright red stars indicate that PLV of movement is signiﬁcantly larger than
that of rest. However, dark blue stars indicate that PLV of movement is signiﬁcantly smaller than that of rest. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

3.2. Zero-phase PLV and volume conduction
Given that coupling was increased between FCz, CP3 and C4
for movement compared with rest, we chose these three channels to investigate whether one channel was leading or lead by
another. Fig. 2 shows that there was no leading source among those
three channels, all of which were coupled at around zero-phase
difference (-0.0353, −0.0353 and 0.0353 rad). Because volume conduction will also result in zero-phase difference, it was necessary to
investigate whether these zero-phase effects represent meaningful
long-distance coupling.
Fig. 3 shows the PLV feature of seed channel C4 (Fig. 3 (a)),
CP3 (Fig. 3 (b)) and FCz (Fig. 3 (c)) coupling with electrodes
in the anterior and posterior site (referring to the seed channel). Three-way repeated ANOVA involving “task” (two levels:
movement, rest), “coupling area” (two levels: anterior, posterior) and “distance” (ﬁve levels in (a): d1, d2, d3, d4, d5; two
levels in (b): d1, d2; three levels in (c): d1, d2, d3 (b)) show
signiﬁcant interaction (F (4, 124) = 31.35, p < 0.0001; F (1, 31) =
35.3, p < 0.0001; F (2, 62) = 53.98, p < 0.0001). Tukey’s post hoc
statistic tests show that as the distance to seed channel increases
(Fig. 3(a)–(c)), the PLV feature decreases, which is consistent with
volume conduction. Fig. 3(a) shows that there is general signiﬁcant
task-related effect for PLV of C4 coupling with anterior and posterior electrodes except for C4 coupling with CP4 in the posterior
site, which is consistent with the rPLV based topographies (with PLV
computed by referring to C4) in Fig. 1. Fig. 3(b) shows that there is
a signiﬁcant task-related effect for CP3 coupling with electrodes C1
and FCz in anterior site (both at p < 0.0001), which does not occur

for the coupling with posterior electrodes (only a slight task-related
effect for CP3 coupling with POz (p < 0.05)). Fig. 3(c) shows that PLV
of FCz coupling with electrodes in posterior site (e.g., C2, C4) show
signiﬁcant task-related effect (PLV of movement is larger than that
of rest, both at p < 0.0001) which does not occur for the coupling
with anterior electrodes (e.g., Fz, F2, F4). This task-related effect
occurs in anterior sites but not in posterior sites referring to CP3
in Fig. 3(b) and in posterior sites but not in anterior sites referring
to FCz in Fig. 3(c). This asymmetry cannot be explained by volume
conduction which would produce symmetrical effects.
These effects can be summarized by considering task independent effects (i.e., summed over task conditions) and task-dependent
effects (i.e., the difference between task conditions). The overall PLV effects of distance on the sum and difference between
movement task and rest are shown in Fig. 4 for both effects
illustrated in Fig. 3. There are signiﬁcant main effects of distance on sum of PLV value at F (2, 62) = 22.53, p < 0.0001;
F (2, 62) = 66.64, p < 0.0001; F (4, 124) = 168.42, p < 0.0001, for
Fig. 4 (a), (b) and (c), respectively. The sum of the PLV decreases
when distance increases (Fig. 4 (a)-(c) black solid line). There
are also signiﬁcant main effects of distance on the difference of PLV at F (2, 62) = 22.69, p < 0.0001; F (2, 62) = 46.34, p <
0.0001; F (4, 124) = 61.95, p < 0.0001 for Fig. 4(a)–(c) respectively. However, the difference of PLV increases when the distance
increases (Fig. 4(a)–(c) red dashed line). Fig. 4 shows that there is a
task-independent reduction in PLV (sum) with distance as well as
a task-dependent increase in PLV (difference) with distance from
the seed electrode. While the task-independent effect of distance
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Fig. 4. Effects of distance on the sum and difference between PLV for movement task and rest for all 32 subjects for seed channel CP3/C4 coupling with anterior electrodes
(d1: CP3 −FC3 or C4-FC4, d2: CP3-FC1 or C4-FC2, d3: CP3-FCz or C4-FCz) for (a), (b) respectively (corresponding involved channels shown in (e)(f), respectively) and C4
coupling with posterior electrodes (d1: C4-CP4, d2: C4- CP2, d3: C4-CPz, d4: C4-CP1, d5: C4-CP3) for (c) (corresponding involved channels shown in (g)). Panels (a)-(c) show
that the summed PLV between movement and rest decreases when the distance increases (black solid line- task independent effects). However, the difference of PLV between
actual movement tasks and rest increases when the distance increases (red dashed line- task dependent effects). (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

on PLV is consistent with volume conduction, the task-dependent
effect is not.
In order to rule out the possibility that the zero-phase PLV
feature is due to the contribution of lower-frequency (movementrelated potentials) EEG data because of the spectral leakage, we
also investigated the lower-frequency ([2,4] Hz, [5,7] Hz) and mu
rhythm band ([9,13] Hz) PLV. Fig. 5 shows the topographies of rBP
and rPLV with PLV computed by regarding FCz, CP3 and C4 as seed
channel in lower frequencies for movement task versus resting
state. Fig. 5 top and middle panels show that the target prediction
abilities (rPLV values) based on PLV (in [2,4] and [5,7] Hz) coupling
with seed channel FCz, CP3 and C4 are largely decreased compared
with that based on PLV computed in mu (Fig. 5 bottom panel) and
beta rhythm band (Fig. 1). Meanwhile, the rBP values in [2,4] and
[5,7] Hz, especially at CP3, FCz and C4, are much smaller compared with that in beta rhythm band (Fig. 1). Fig. 5 bottom panel
shows that for mu rhythm band, there is BP decrease in M1 and PLV
increase for the coupling between M1 and anterior site, similar as
that shown in Fig. 1 (beta rhythm band).
Fig. 6 shows the PLV feature of couplings between C4 and CP3,
C4 and FCz, CP3 and FCz in four different frequency bands for both
movement and rest tasks. A three-way repeated ANOVA involving

“task” (two levels: movement, rest), “coupling pair” (three levels:
C4-CP3, C4-FCz, CP3-FCz) and “frequency band” (four levels: [2,4],
[5,7], [9,13] and [18,25] Hz) show signiﬁcant three-way interaction
F (6, 186) = 4.39, p < 0.0004. Tukey’s post hoc statistic tests show
that only for mu and beta rhythm band, there is signiﬁcant PLV
increase for movement compared with rest (all at p < 0.0001 for all
three coupling pairs). However, this phenomenon does not occur
for PLV computed in [2,4] and [5,7] Hz. In summary, both Fig. 5 and
Fig. 6 show that the movement-related lower frequency EEG data
(e.g., [2,4] Hz, and [5,7] Hz) contribute little to the zero-phase PLV
shown in sensorimotor rhythm band.
3.3. The effects of large laplacian on BP and PLV
Section 3.1 and 3.2 indicate that the increased PLV during
actual movement is likely not due to volume conduction and that
there is little contribution of low frequencies PLV for the taskrelated PLV. We next sought to determine whether PLV (e.g., in
beta rhythm band) provides useful information for predicting taskrelated effects in addition to the BP feature. Multiple regressions
were computed individually for each subject with task (movement
versus rest) as the dependent variable and BP features (FCz, CP3, and
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Fig. 5. The rPLV based topographies for movement versus rest in lower frequency bands (e.g., [2,4]Hz, [5,7] Hz) and mu rhythm band ([9,13]Hz). PLV were computed with
star-marked coupled channel FCz, CP3 and C4, respectively. FCz, CP3 and C4 are dot-marked if they are not selected as the seed channel. The seed channel for computing PLV
is star-marked in the topographies.

Fig. 6. PLV of three coupling pairs (C4-CP3, C4-FCz, CP3-FCz) in four different frequency bands ([2,4], [5,7], [9,13] and [18,25] Hz). Bright red stars indicate that PLV of
movement is signiﬁcantly larger than that of rest. However, dark blue star indicates that PLV of movement is signiﬁcantly smaller than that of rest. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

C4), PLV features (FCz coupling with CP3 and C4, and CP3 coupling
with C4) or combined features of BP and PLV as independent variables. Features were computed for both ear-referenced and large
Laplacian conditions in order to assess the effects of large Laplacian
on phase feature.
Because BP and PLV might be correlated with each other, we did
a commonality analysis. Fig. 7 shows the r2 value based on unique
BP, unique PLV and their common covariance with task condition

for movement versus rest. The maximum r2 value based on the
common part of BP and PLV was less than 0.09, which indicates
that the common covariance of BP and PLV with task condition
was small and that the association of the two with movement
are independent sources of variance. A two-way repeated ANOVA
with the r2 values for the regression analyses as the dependent
variable and “condition” (two levels: large Laplacian condition,
ear-referenced condition), “Feature type” (four levels: unique BP,

162

W. Jian et al. / Brain Research Bulletin 130 (2017) 156–164

Fig. 8. BP (“local PLV”) of FCz (the vertices of the triangle), CP3 (bottom left) and C4
(bottom right) areas decreasing with motor execution (red arrow) and “long-distant
PLV” increasing with motor execution (blue arrow) between CP3/C4 and FCz, and
between CP3 and C4. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

Fig. 7. The r2 value for prediction of task condition based on unique BP, unique PLV,
the common part of BP and PLV (Commonality), and combined feature (BP + PLV)
of BP and PLV for movement versus rest in both ear-referenced and large Laplacian
conditions.

unique PLV, common part of BP and PLV (Commonality), combined
feature of BP and PLV(BP + PLV)) as independent variables produced
signiﬁcant interaction (F (3, 93) = 24.23, p < 0.0001). Tukey’s post
2 value in large Laplacian condihoc analysis showed that the rBP
tion is larger than that in ear-referenced condition (p < 0.0001).
2
In the contrast, rPLV
in large Laplacian condition is smaller than
that in ear-referenced condition (p < 0.0001). Interestingly, there is
2 in ear-referenced and large
no signiﬁcant difference between rCF
2 is signiﬁcantly larger than
Laplacian conditions (p = 0.98), but rCF
2 and r 2 , respectively, for both large Laplacian (r 2 > r 2 at
rBP
PLV
BP
CF
2 > r2
p < 0.0021, and rCF
at p < 0.0001) and ear-referenced conPLV
2 > r 2 and r 2 > r 2
ditions (rCF
both at p < 0.0001). The r2 value
BP
PLV
CF
based on the commonality part of BP and PLV have no signiﬁcant
difference in ear-referenced and large Laplacian condition.
Thus, the PLV feature provided an independent source of information for task prediction. Fig. 7 demonstrates that unique PLV for
task prediction was signiﬁcantly eliminated and that the unique BP
feature was enhanced when a large Laplacian was applied. In other
words, the large Laplacian combines both amplitude and phase
effects, enhancing BP and eliminating information in PLV.
4. Discussion
The ﬁndings of this study based on EEG data for 32 untrained
subjects involving left and right hand movement tasks show that
zero-phase PLV between FCz and CP3, C4 and between CP3 and C4
is not entirely due to volume conduction. This conclusion is supported by the fact that BP and PLV are modulated by task state
in opposite directions and by the fact that the spatial gradients of
task-related PLV effects increase with distance asymmetrically. If
these effects were simply due to volume conduction, the increase in
signal-to-noise ratio with an increase in BP would tend to produce
an increase in PLV (Nikouline et al., 2001; Daffertshofer et al., 2011;
Bayraktaroglu et al., 2013). Thus, the task-related component of PLV
appears to represent real long-distance coupling. The other important ﬁnding of this study is that large Laplacian eliminates useful
task-related information in PLV, presumably because it combines
both amplitude and phase effects. This latter ﬁnding has potential
implications for other spatial ﬁltering operations as well.

Although volume conduction will produce coupling at zerophase difference, simulations suggest that zero-phase coupling can
also be produced by common input from a third source or bidirectional communication between sources (Gollo et al., 2014;
Rajagovindan and Ding, 2008). In order to eliminate effects of
volume conduction, Witham et al. (2007) examined coherence
between M1 ﬁeld potentials and unit activity in somatosensory cortex of monkeys and observed many units synchronized around zero
lag. Thus there are both theoretical rationales and empirical evidence suggesting that near zero phase lag coupling could represent
real long-range coupling.
Activity recorder at a single scalp electrode represents synchronization between a local population of neurons of sufﬁcient size
to be detected at the scalp (Lopes da Silva, 2013). Thus, the BP
measure can be regarded as a local coupling. The zero-phase coupling between FCz, CP3 and C4 that is a task-dependent modulation
appears to be real long distance coupling. Fig. 8 provides a rational
explanation of the opposition modulation of BP and PLV in the earreferenced condition by task state and the different gradients of
task-dependent and task-independent effects on PLV. Fig. 8 shows
greater local synchronization in the rest condition that shifts to
relatively greater long-range synchronization during movement.
Andrew and Pfurtscheller (1996) found that the phase coupling
between C3 and C4 increase during a movement task. They suggested that this effect was due to volume conduction since it could
be eliminated by applying a Laplacian ﬁlter. However, the present
results argue against this interpretation since the task-related effect
on PLV increases with increasing distance. This is opposite to the
task independent effect and what would be predicted by volume
conduction. Other studies investigating the functional connectivity
for movement and imagery tasks with EEG data use spatial ﬁlters. For example, Bauer et al. (2015) investigated coupling during
movement and imagery tasks by using EEG data preprocessed by
independent component analysis, spline Laplacian and then principal component analysis. Each of these steps could potentially
distort phase features. Therefore, applying spatial ﬁlters in EEG
study involving phase information may obscure real zero-phase
effects. Phase and amplitude effects could be combined by many
different spatial ﬁltering transforms, such as principal components,
independent components, and common spatial patterns. Source
localization is a non-linear transformation that could be inﬂuenced
by phase effects.
Even though zero-phase coupling between FCz and CP3, FCz and
C4, and CP3 and C4 seems to show signiﬁcant task-related effects
which cannot be explained by volume conduction, there are limitations to the current study. For example, suppose all three sources
right below FCz, CP3 and C4 (amplitude decrease during movement
tasks) as we suggested are asynchronous. Also suppose that there
might be an additional source X (amplitude increase) in the brain,
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that contributes also to FCz, CP3 and C4 electrodes. This might
also lead to additional (non-redundant) information in PLV (the
coupling between FCz, CP3 and C4 electrodes) about movement
even though the effect is purely due to volume conduction. In this
situation, the zero-phase PLV is likely due to volume conduction.
However, this case is based on the assumption that three asynchronous individual sources contribute exclusively to FCz, CP3 and
C4, respectively, which is contrary to the expectation of volume
effects. Therefore, there are not perfect methods to totally eliminate
the possibility of volume conduction effects due to the limitation of
the scalp EEG recording method (Cohen, 2015b). Fig. 8 is an example
only to illustrate the effects of what we have observed especially the
opposite modulation of BP and PLV and the coupling predominantly
at zero phase difference involving those three electrodes.
In this paper, we regarded the near-zero phase lag PLV as
true reciprocal phase synchronization, which might be a simplest
possibility. There are other more complicated source localization
methods instead of using PLV feature to localize the source of
EEG signals, such as brain electric source analysis (BESA) (Baillet,
1998) and low resolution electromagnetic tomography algorithm
(LORETA)(Pascual-Marqui et al., 1994). However, those inverse
techniques generally do not take phase into account and assume no
synchrony between sources (Grech et al., 2008). What we observed
in this paper is about reciprocal coupling at zero-phase, indicating
that inverse techniques (e.g., LORETA) and directed methods such
as directed transfer function and Granger Causality (Kamiński et al.,
2001) targeting at directed coupling are not appropriate for this
case.

5. Conclusion
This study found that zero-phase PLV is not totally due to volume conduction since it varies in a direction opposite to that of
the BP feature in response to left and right hand movement tasks.
In addition, this task-dependent effect on PLV increases with distance toward the contralateral electrode overlying the hand motor
area. The task-dependent PLV effect is eliminated when the EEG
data is pre-processed by a large Laplacian. At the same time, the
large Laplacian combines amplitude and phase information.
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